Mid-infrared (MIR) spectrometry was used to estimate the fatty acid (FA) composition in cow, ewe, and goat milk. The objectives were to compare different statistical approaches with wavelength selection to predict the milk FA composition from MIR spectra, and to develop equations for FA in cow, goat, and ewe milk. In total, a set of 349 cow milk samples, 200 ewe milk samples, and 332 goat milk samples were both analyzed by MIR and by gas chromatography, the reference method. A broad FA variability was ensured by using milk from different breeds and feeding systems. The methods studied were partial least squares regression (PLS), first-derivative pretreatment + PLS, genetic algorithm + PLS, wavelets + PLS, least absolute shrinkage and selection operator method (LASSO), and elastic net. The best results were obtained with PLS, genetic algorithm + PLS and first derivative + PLS. The residual standard deviation and the coefficient of determination in external validation were used to characterize the equations and to retain the best for each FA in each species. In all cases, the predictions were of better quality for FA found at medium to high concentrations (i.e., for saturated FA and some monounsaturated FA with a coefficient of determination in external validation >0.90). The conversion of the FA expressed in grams per 100 mL of milk to grams per 100 g of FA was possible with a small loss of accuracy for some FA.
INTRODUCTION
Over the last few years, the FA content and quality of human foods has become a major nutritional topic. Evidence of this can be found in the latest French nutritional guidelines that indicate the recommended intake of individual FA in a diversified diet (ANSES, 2011a) . The dairy industry has to face 2 major issues regarding these new recommendations: (1) identifying methods to adapt milk FA composition to the consumers' demands and (2) finding tools to precisely characterize the FA composition of milk.
With regard to the first issue, previous studies have shown that feeding management (Chilliard et al., 2007; Raynal-Ljutovac et al., 2008; Coppa et al., 2013) and genetic selection (Arnould et Soyeurt., 2009; Schennink et al., 2009; Stoop et al., 2009) can be efficient tools to alter the FA composition of milk. However, such strategies can only effectively be organized for entire populations if reliable large-scale measuring techniques are available.
As to finding tools to determine the precise FA composition of milk, mid-infrared (MIR) spectrometry can be classically and efficiently used to analyze food products. This technology is already used in dairy farming to measure the fat and protein contents for purposes of milk payment, herd management, and genetic selection. In France, these analyses are performed frequently (once per month for all animals of a herd in dairy cattle or goats managed with the usual milk recording design) at a large scale by laboratories located throughout the country. More recently, this process has been extended to include the analysis of milk FA (Soyeurt et al., 2006 (Soyeurt et al., , 2011 , especially in dairy cattle. Most often, FA composition is predicted using MIR spectra with partial least squares regression (PLS). Although it has been reported that preprocessing before PLS regression im-proves calibration equations (Soyeurt et al., 2011) , the possible benefit of wavelength selection before applying PLS regression has not been addressed. It has been suggested that wavelength selection before PLS regression might improve calibration equations and provide good results in various situations (Leardi et al., 1992; Spiegelman et al., 1998) . It can be performed using different methods: genetic algorithms (Leardi et al., 1992) , wavelet decomposition (Mallat, 2008) , or penalization methods such as the elastic net, which is often used on genomic data (Croiseau et al., 2011) . However, no comparison of these methods is currently available.
Equations for goat milk were developed using nearinfrared spectroscopy (NIRS; Andueza et al., 2013) , but no calibration equations for predicting milk FA using MIR spectrometry have been published so far for ewe and goat milk. Within the framework of the PhénoFinlait program (Faucon-Lahalle et al., 2009) , a large-scale French research and development project aiming at monitoring the composition of cattle, sheep, and goat milk, calibration equations were developed using different mathematical approaches to estimate milk FA composition in French herds using MIR spectrometry.
The objectives of this study were (1) to compare different statistical approaches with wavelength selection for the prediction of milk composition using MIR spectra, (2) to establish whether the use of MIR spectrometry for predicting the FA composition of cow milk could be put into practice in French breeding and feeding systems, and (3) to develop the first referenced equations for FA in goat and ewe milk.
Experimental Design
Samples were mainly collected from the Institut National de la Recherche Agronomique (INRA) experimental farms (Table 1) . These experimental farms breed ruminants of the most widespread breeds in France in conditions representative of French breeding systems, with at least 2 different feeding systems depending on the season (winter and summer) for each breed. Besides providing more practical technical conditions for collecting samples, these farms apply controlled breeding conditions and, in some cases, shelter populations with strong genetic variability. When this genetic or feeding variability was not sufficiently representative of the national situation, additional samples were collected from commercial herds. Two samples were collected per animal at each milking. Bronopol was added to one of the samples, which was then analyzed by MIR spectrometry; the other was frozen at −20°C immediately after collection for future analysis using GC, the reference method.
Cow Milk Samples. A first set of 249 milk samples was collected from 127 Holstein × Normande crossbred dairy cows in 2008 and 2009 at the INRA "Domaine expérimental du Pin" experimental farm. The cows were a part of a QTL detection experiment (Larroque et al., 2002) , and were produced after 2 generations of crosses (F2) between Normande and Holstein breeds that display numerous differences, in particular those pertaining to milk fat and protein content.
Milk samples were collected twice during the first lactation, in the winter and summer. The average stage of lactation was 160 DIM in the winter, and 209 DIM in the summer. During the winter (November-April), all cows were given the same diet, formulated to cover their requirements (INRA, 1989) and based on corn silage given ad libitum and completed with grass silage (4 kg of DM/d), beet pulp (1 kg of DM/d), and soybean meal (2 kg of DM/d). During the summer, cows grazed herbage with high nutritive value in a rotational grazing system (35 hm 2 per cow) and were supplemented with corn silage (1.5 kg/d). When the daily milk yield exceeded 21 kg/d in the winter and 23 kg/d in the summer, cows received 1 kg of energy concentrate per 2.5 kg of milk produced over the limit (maximum 7 kg of concentrate in winter and 5 kg in summer).
A second set of 153 milk samples were collected from 42 Montbéliardes and 35 Holsteins (primiparous or multiparous) in 2009 at the INRA experimental farm in Mirecourt (France), which implements an organic dairy farming system. Depending on calving dates, the cows belonged either to a grazing system or to a mixed-crop dairy system without concentrate. Milk samples were collected twice during their lactation: in the winter (March 2009) at 29 and 184 DIM, or in the summer (June 2009) at 120 and 274 DIM, respectively, for the grazing and mixed-crop dairy systems. In the winter, cows from the grazing system received ad libitum hay from the first cut of permanent grassland, which was completed with a second cut of permanent grassland (5.6 kg of DM/d) and a mineral complement. At the same period, cows from the mixed-crop dairy system received a diet dominated by hay from a first cut of alfalfa and orchard grass offered ad libitum and completed by flattened triticale (1.7 kg of DM/d), a second cut of temporary grassland (6.7 kg of DM/d), and a mineral complement. In the summer, cows from the grazing system grazed a new enclosed pasture of permanent grassland (orchard grass, white clover, and fescue). Cows from the mixed-crop dairy system grazed alternatively (night and day) 2 enclosed pastures of permanent grassland (based on ryegrass, white clover, and orchard grass). Milk samples were collected using the same protocol as described above, but few cows were present at both samplings. Out of the total of 153 milk samples, 100 were selected to be analyzed by GC on their spectral variability.
Goat Milk Samples. A first set of 705 milk samples was collected in 2008 at the INRA experimental farm of Bourges (France) from 235 Alpine dairy goats. These goats were characterized by a diversity of α s1 -CN genotypes [ranging from null genotypes (15% OO) to high genotypes (33% AA)], which are known to influence milk FA composition (Chilliard et al., 2006) . Samples were collected during the morning milking 3 times during the year (spring, winter, and autumn) and reflected 3 stages of lactation (about 40, 150, and 240 DIM). The goat diet remained unaltered throughout lactation and was based on hay (grass-legume mixture) offered ad libitum (about 1.6 kg of DM/d) and a commercial concentrate mixture (about 1 kg of DM/d). Among the available samples, 149 samples (approximately 50 per stage of lactation) showing a wide variability of spectra were selected to be analyzed for milk FA composition using GC. The second set of samples was collected in July 2010 in a privately owned herd of Saanen dairy goats. The diet of these goats was based on grazed fresh herbage (about 2 kg of DM/d), legume hay (0.4 kg of DM/d), and concentrate (0.8 kg of DM/d). One hundred twenty milk samples were collected during the morning milking. Goats were in the second part of their lactation at a stage from 120 to 350 DIM. Fortynine samples that were the most representative of the diversity of the MIR spectra observed were chosen for analysis using GC. The last set of samples was collected between March and April 2012 in 3 privately owned herds during the evening milking. Seven hundred three samples were collected (170, 254, and 282 per herd, respectively). The first herd was composed of Saanen goats fed with hay and haylage. The second was composed of Alpine goats fed with corn silage, hay, and dehydrated alfalfa. The third herd was composed of Alpine and Saanen goats fed a diet based on barn dried hay and corn silage. One hundred thirty-four samples (41, 48, and 45 per herd, respectively) were selected to be analyzed by GC.
Ewe Milk Samples. A first set of samples was collected at 2 dates in 2008 from Lacaune dairy ewes at the INRA experimental farm of Lafage (France) from Lacaune dairy ewes. Samples were collected from primiparous and multiparous ewes, during the morning milking, respectively, in March 2008 at 80 DIM for 490 ewes (winter) and in May 2008 at 152 DIM, on average, for 493 ewes (spring). In the winter, all ewes received the same diet of ryegrass silage (1.6 kg of DM/d), hay (0.46 kg of DM/d), barley (0.34 kg/d), and concentrate (0.34 kg/d). In the spring, the ewes grazed 7 h/d (rye- grass and orchard grass) and received straw. Seventyfive milk samples were selected within each sampling period based on the SCC, fat content, and milk spectra (i.e., a total of 150 frozen milk samples were analyzed using GC to determine FA composition). A second set of samples was collected, using the same design as described above, from 3 privately owned flocks at the end of April 2009 at an average of 120 DIM with a pasture-based diet. The first herd was composed of Basco-Béarnaise (BB) ewes, and the 2 others were composed of Manech Red-Faced (MRF) ewes. All ewes grazed 5 h/d (permanent or temporary grassland) and received 1 kg of DM/d of hay (orchard grass, permanent grassland, or alfalfa) and 0.25 to 0.4 kg/d of maize. The MRF ewes also received 0.4 kg/d of concentrate. A total of 103 milk samples, respectively 35 from BB ewes and 68 from MRF ewes, were collected. Fifty of these samples were selected based on fat content, milk spectra, and breed for analysis, using GC (respectively 20 and 30 for the BB and MRF breeds). In all, 200 milk samples from Lacaune ewes (150 samples), BB ewes (20 samples), and MRF ewes (30 samples) for which both MIR spectra and GC results were available were included in the present study. Kramer et al. (1997) , with the following equipment and protocol: Varian 3800 chromatograph (Varian Inc., Palo Alto, CA); 100-m CP-SIL 88 column (Varian Inc.); hydrogen carrier gas (199.1 kPa); splitless injector 1:50 at 250°C; oven temperature program: 4 min at 70°C, 13°C/min ramp from 70 to 175°C, 27 min at 175°C, 4°C/min ramp from 175 to 215°C, and 31 min at 215°C; and flame ionization detector at 250°C: Varian Star integrator. Approximately 68 individual FA or groups of FA were detected by GC.
Milk Analysis
MIR Spectrometry Predictions. The quantities expressed in grams per 100 g of FA in CG data were converted to grams per 100 mL using the fat content determined by the spectrometers; outliers were removed according to the Grubbs (1969) Depending on the intended use (for example, for farming management), values need to be provided in grams per 100 g of FA. The fat content predicted by the MIR spectrometers (MilkoScan FT6000 and Bentley FTS), which comply with the IDF standard 141C:2000 (IDF, 2000) and AOAC International official method 972.16 (AOAC International, 2000) , was used to convert the data in grams per 100 mL into grams per 100 g of FA.
Statistical Analysis
Equation Computing. For each species, samples were randomly assigned to either the calibration or validation set (cow milk with the MilkoScan FT6000: n calibration = 245 and n validation = 105; cow milk with the Bentley FTS: n calibration = 105 and n validation = 45; ewe milk: n calibration = 140 and n validation = 60; goat milk: n calibration = 140 and n validation = 60). Random assignment avoided any selection bias but did not ensure total independence between calibration and validation data sets. Indeed, 55 of the 96 cows for which 2 samples were collected had their 2 samples assigned to the same data set. This discrepancy affected only 2 samples for goats and none for ewes. The precision and robustness of the equations obtained with various optimization techniques (genetic algorithms, penalization methods, and denoising and optimization using wavelet transformations) were compared only for cow milk on MilkoScan FT6000 data. The PLS regression was used as the reference method. In each case, only the informative wavelength bands (i.e., the bands that were not spoiled by water molecules) were retained (representing a total of 446 wavelengths for the MilkoScan FT6000 and 524 wavelengths for the Bentley FTS, according to the manufacturers' recommendations).
Development by PLS Regression and Validation. Equations were developed by univariate PLS regression (Tenenhaus, 2002) with the pls package in R 2.8.1 (Mevik and Wehrens, 2007) . This method is suitable when the number of predictors is greater than the number of observations and when a strong collinearity exists between them. Compared with principal component regression, PLS regression maximizes the covariance between X and Y (Tenenhaus, 2002) to construct the new space composed of latent variables. For each equation, an optimal number of latent variables was determined according to the root mean square error of cross-validation.
To compare and assess the equations, several statistical parameters were computed according to the ISO 8196-2/IDF 128-2 standard (ISO-IDF, 2009). These included the mean bias (d), slope bias (b), the Student's t-test for d and b, the standard deviation of accuracy or residual standard deviation (s y,x ) and the coefficient of determination. These parameters were obtained by linear regression: y = ax + b, where x is the prediction obtained by MIR spectrometry and y the reference value obtained by GC. The residual standard deviation was expressed as a relative error = s y,x /reference mean (%). To qualify the equations, the relative error and coefficient of determination were used. Estimations were considered sufficiently accurate and robust to be applied routinely when the relative error was under 5% and the coefficient of determination was greater than 0.91 (Coppa et al., 2010) . When the relative error ranges from 5 to 10% and coefficient of determination is greater than 0.82, we advise to use these equations only for analytical purposes. If the relative error ranges from 10 to 15% and the coefficient of determination is greater than 70%, use of the concerned equation should be restrained to research and development programs, and results should be interpreted with caution.
Optimization Using Genetic Algorithms. To improve the equations and the quality of the predictions, several authors (Leardi et al., 1992; Spiegelman et al., 1998; Höskuldsson, 2001 ) have suggested using a selection of variables before PLS regression to limit spectral noise in the equations. The genetic algorithm method has often been applied to spectrometric data in this way, mainly for near-infrared spectra but also for MIR data (Leardi, 2000; Goicoechea and Olivieri, 2003) .
The genetic algorithm (GA) method is based on evolutionary biology. A population of candidate solutions evolves using genetic operators such as reproduction, mutation, and selection. A solution (represented by a chromosome) is a vector in which each variable (represented by a gene) is coded with either 0 (not selected) or 1 (selected). The initial set of solutions (population) has a predefined number of candidate solutions. Evolution is controlled by a fitness function. In this study, the fitness function is the cross-validated explained variance of PLS regression applied to the selected variables. To breed a new generation (2 new solutions), 2 candidate solutions are selected. During this step of reproduction, crossing-over or mutation could occur. The obtained solutions integrate the population if they appear to be better than the previous solutions. The population size is constant, so the worst solutions are discarded when new solutions are retained. This process is repeated until a set number of generations is reached. To ensure optimal convergence, the GA is run several times.
Wavelengths were selected using GA with MAT-LAB 7.8. (The MathWorks Inc., Natick, MA; Matlab, R2009a) before PLS regression for cow, ewe, and goat milk . A specific GA for wavelength selection was used (Leardi and Lupiáñez González, 1998) . The mutation rate, initial population, and number of variables selected in the solutions of the initial population were set to 1, 30, and 5% respectively. As indicated in the GA-PLS Toolbox that we used, the number of starting variables must not be greater than 200 to avoid the possibility of chance correlations. To meet this requirement, the GA was performed in 2 steps. We first reduced our data to 149 variables using the mean of 3 contiguous wavelengths before performing the algorithm with the selected variables only. Partial least squares regression was applied to both steps.
Optimization Using Penalization Methods. Penalization methods are used to reduce the estimator variance to guarantee the stability of the estimations. Several methods are available such as ridge regression (RR), which retains all predictors, the least absolute shrinkage and selection operator (LASSO) method in which some coefficients are set to 0, and finally the elastic net (EN) method (Zou and Hastie, 2005; Croiseau et al., 2011) , which is a compromise between the RR and LASSO methods. Only 1 penalization parameter (λ) is required for RR and LASSO (Equations 1 and 2). In the EN method (Equation 3), a second parameter (α) allows weighting of RR and LASSO penalties:
where β is the vector of the wavelength coefficients β j , y i is the FA content of milk i, and x i the vector of absorbances (j) of this milk. Similarly to the GA, the EN method selects the most informative wavelengths. The glmnet R package was used to implement the different methods of penalization and the penalization parameters were chosen by cross-validation. Denoising Using First-Derivative Preprocessing. Use of the first derivative eliminates the uncontrolled variations of the spectra. It is calculated with the following formula:
λ is the derivative value for the spectral point at wavelength i and δ = 2.
Denoising and Optimization Using Wavelet Transformation and Multiresolution Analysis.
Wavelet transformation decomposes a signal into 2 series: a set of approximation coefficients that match the trend (baseline) and the overall variation (noise), and a set of wavelet coefficients that match the fine details of the signal. In multiresolution analysis (Mallat, 1989) , wavelet transformation is repeated several times to obtain a fine level of details. To apply multiresolution analysis, MIR spectra were expanded by periodic padding and then decomposed using discrete wavelet transformation with a symmlet-8 wavelet. Wavelet coefficients were extracted at different levels and only coefficients greater than 10 2 3 − ( ) log N (Donoho and Johnstone, 1994) , where N represents the size of the spectrum and was equal to 512 in the current study, were incorporated into PLS regression analysis as predictor variables. Wavelet analysis was performed using MATLAB 7.8. (R2009a; The MathWorks Inc.).
RESULTS

Descriptive Statistics of GC Data
The descriptive statistics of the different data sets are displayed in Tables 2 and 3 (cow milk), Tables 4   and 5 (ewe milk), and Tables 6 and 7 (goat milk) . Cow milk samples contained, on average, 71.5 g of SFA/100 g of FA, 24.3 g of MUFA/100 g of FA, and 2.9 g of PUFA/100 g of FA. Among the SFA, C16:0 was observed to show the highest content (31.7 g/100 g of FA), followed by C14:0 (11.4 g/100 g of FA). The variability of GC data was high, but differed according to the FA, as indicated by the standard deviation, minimum, and maximum. Coefficients of variation ranged from 10% (C4:0) to 46% (C18:3n-3). More specifically, SFA values ranged between a minimum of 58.2 g/100 g of FA and a maximum of 82 g/100 g of FA.
Samples of ewe milk consisted of 74.2 g of SFA/100 g of FA, 20.6 g of MUFA/100 g of FA, and 3.6 g of PUFA/100 g of FA. Coefficients of variation ranged from 8% for SFA (minimum = 59.4 g/100 g of FA and maximum = 83.4 g/100 g of FA) to 50% for total trans 18:1 (minimum = 0.9 g/100 g of FA and maximum = 5.5 g/100 g of FA).
In goat milk, SFA represented 72.2 g/100 g of total FA, whereas MUFA and PUFA represented 22.7 and 4.1 g/100 g of total FA, respectively. Among these SFA, the concentration of C16:0 was highest (28.4 g/100 g in the calibration set), and the cumulative proportion of C6:0, C8:0, and C10:0 (specific goat FA) was 16.9 g/100 g of FA (in the calibration set). As indicated by the standard deviation, minimum, and maximum values, the variability of goat GC data was quite considerable, but differed according to the FA. Coefficients of variation ranged from 4% for SFA (minimum = 60.5 g/100 g of FA and maximum = 78.5 g/100 g of FA) to 39% for C18:3n-3.
FA Prediction in Milk (g/100 mL)
Comparison of Methods Used to Calibrate the Equations for Cow Milk. The performances of the various methods (PLS, GA + PLS, penalization methods + PLS, first-derivative preprocessing + PLS, and wavelet decomposition + PLS) are summarized in Table  8 with the s y,x and validation coefficient of determination R . Optimal results were generally obtained by combining either GA and PLS (C4:0, C6:0, C8:0, and C10:0 with R v 2 ≥0.93 and a relative error <6%, and C18:0 with R v 2 = 0.89 and relative error = 9.7%), or first-derivative preprocessing and PLS (C14:0, total cis 18:1, and MUFA with R v 2 >0.95 and a relative error <5%, PUFA with R v 2 = 0.87 and relative error = 6.8%, and trans FA with R v 2 = 0.90 and relative error = 11.6%). The reference method (PLS) provided more accurate predictions for C16:0 (R v 2 = 0.94 and relative error = 5.5%) and C18:3 n-3 (R v 2 = 0.86 and relative error = 19%). When the wavelet method and PLS were combined, results were very similar to those obtained with first derivative + PLS with R v 2 >0.95 and a relative error <7% for C6:0, C8:0, C10:0, C12:0, C14:0, cis-9 C18:1, total cis 18:1, total 18:1, SFA, and MUFA. Penalization methods (EN, LASSO, and RR) gave the worst results for all FA. All models developed by RR resulted in R v 2 <0.80, except for C4:0, C6:0, and SFA. Whereas other methods all led to R v 2 >0.90, identical results were observed with LASSO and EN methods with R v 2 = 0.80 to 0.90. Performance of the Finalized Equations. The statistical parameters for the predictive equations of milk FA contents are presented in Table 9 (cow milk) and Table 10 (goat and ewe milk). In the 3 species, better estimations were obtained for FA present at medium or high concentrations [notably all SFA (C4:0 to C16:0) and oleic acid (cis-9 C18:1 9)] than for FA present at low concentrations. With the data for cow milk obtained using the Foss analyzer, the relative error ranged from 1.27 to 19.3% and R v 2 from 0.23 (for the C14:0 desaturation index) to 1 (for SFA). Fourteen FA showed a relative error <7% and R v 2 >0.90 (C4:0, C6:0, C8:0, C10:0, C12:0, C14:0, C16:0, C18:1 9c, total cis 18:1, SFA, MUFA, and unsaturated FA). The estimations for PUFA and trans FA were less accurate with, respectively, relative errors of 9.1 and 13.2% and R v 2 of 0.76 and 0.86. For conjugated linoleic acid and α-linolenic acid equations, appropriate values were obtained for R v 2 (0.82 and 0.85), but the relative error was >15%. When data for the Bentley analyzer was used, the equations were less accurate with a relative error ranging from 3.1 to 22.5% and R v 2 from 0.05 to 0.96. The value of R v 2 for major FA (C4:0, C6:0, C8:0, C10:0, C12:0, C14:0, C16:0, cis-9 C18:1, and total cis 18:1) ranged from 0.80 to 0.90.
In ewe milk (data from the Foss analyzer), the relative error ranged from 1.0 to 22.3% and R v 2 from 0.49 (for cis-9,cis-12 C18:2) to 1 (for SFA). Fourteen FA The term total is used to designate the sum of a subgroup of FA as detected using GC. The term total is used to designate the sum of a subgroup of FA as detected using GC. The term total is used to designate the sum of a subgroup of FA as detected using GC. The term total is used to designate the sum of a subgroup of FA as detected using GC. The term total is used to designate the sum of a subgroup of FA as detected using GC. The term total is used to designate the sum of a subgroup of FA as detected using GC. showed a relative error <7% and R v 2 >0.93 (C4:0, C6:0, C8:0, C10:0, C12:0, C14:0, C16:0, cis-9 C18:1, total cis 18:1, SFA, MUFAs, PUFA, and unsaturated FA). For conjugated linoleic acid and trans FA equations, R v 2 values were appropriate (0.91 and 0.93), but the relative error was >15%.
In goat milk (data from the Foss analyzer), the relative error ranged from 1.7 to 18.4% and R v 2 from 0.70 (for the C14 desaturation index) to 0.99 (for SFA). Thirteen FA showed a relative error <7% and R v 2 >0.93 (C4:0, C6:0, C8:0, C10:0, C14:0, C16:0, cis-9 C18:1, total cis 18:1, SFA, MUFA, and unsaturated FA). Six FA had a relative error of approximately 8% and R v 2 of approximately 0.9 (C12:0, cis-9,cis-12 C18:2, PUFA, n-6, and sum of C13:0 + C15:0 + C17:0). (g/100 g of FA) . The values, in grams per 100 g of FA, can be useful for some purposes such as herd management, milk payment, and human nutrition. The estimations obtained in grams per 100 mL of milk were, thus, converted into grams per 100 g of FA and compared with GC data. Performances are presented in Table 11 . The conversion affected differently the performance of the equation depending on the individual FA and the species. When compared with those observed in grams per 100 mL of milk, relative errors of estimations expressed in grams per 100 g of FA were similar but some coefficient of determination values were lower (0.68 vs. 0.93 for C4:0 and 0.59 vs. 0.76 for PUFA in cow milk, 0.24 vs. 0.70 for n-3 and 0.58 vs. 0.78 for n-6 in ewe milk, and 0.42 vs. 0.76 for trans FA in goat milk).
FA Predictions in Fat
DISCUSSION
Milk FA Composition
Our reference values for cow milk are consistent with the literature [reviewed by ANSES (2011b) for milk and Number of samples of calibration data set after elimination of outliers. butter]. The average FA profiles observed are similar to those observed by Chilliard et al. (2007) and Heck et al. (2009) . The average SFA content of about 71 ± 4.5 g/100 g of FA in cow milk is in agreement with previous results observed in controlled feeding systems (Hurtaud et al., 2009 ) and in commercial farms (Heck et al., 2009 ). In the study of Coppa et al. (2013) about bulk FA composition in 10 European countries, a lower SFA concentration (63.9 g/100 g of FA, minimum = 53.40, maximum = 75.42 g/100 g of FA) and a higher PUFA concentration (3.92 g/100 g of FA, minimum = 2.11, maximum = 7.04 g/100 g of FA) were reported. These differences could be explained by the feeding systems that were mainly based on fresh herbage or conserved forage with grass in the study of Coppa et al. (2013) and the localization of the farms, several of them being located in the mountains. If the average concentrations are different, the range of the values (minimum to maximum) are nevertheless consistent, except for the PUFA. In Soyeurt et al. (2011) on individual milk, the reported SFA content was lower (67 ± 6.01 g/100 g of fat in the calibration set and 65 ± 4.35 g/100 g of fat in the validation set), but some of the samples used were collected in Ireland where the feeding system was mainly grazed herbs. For ewe milk, our GC results could be compared with those obtained previously for populations of LacauneSardinian backcross (Carta et al., 2008) , Churra ewes (De La Fuente et al., 2009) , and the Agence nationale de sécurité sanitaire de l'alimentation, de l'environnement et du travail analysis (ANSES, 2011b) . The average FA contents obtained in the present study are comparable with those in the literature. However, higher SFA (74 g/100 g of FA), C14:0 (12.5 g/100 g of FA), and C16:0 (26.6 g/100 g of FA) concentrations were observed compared with previous reports, except for C18:0 (7.6 g/100 g of FA), which was actually lower. The concentration of total C18:1 (18.9 g/100 g of FA) was found to be lower than in previous reports and contributed to reducing the MUFA concentrations observed in this study (20.6 g/100 g of FA). These differences can be explained by the breeds that are not the same between the 3 studies. In all cases, content variability was equivalent or higher than that reported in the studies mentioned above. In goats, the average FA compositions of our samples are in agreement with previous studies (Chilliard et al., 2006; Sanz Ceballos et al., 2009; Andueza et al., 2013) and the range of variation is consistent with the results published for goats from experimental designs that did not receive lipid supplementation (Chilliard et al., 2003) and goats from commercial herds (Alonso et al., 1999; Doyon, 2005) .
Comparison of the Mathematical Approaches on Cow Milk
Different mathematical approaches were performed to develop the equations in cow milk. Applying penalization methods before PLS provided less reliable results in almost all cases, whereas applying a GA or first-derivative or wavelet preprocessing improved the results for several FA. The improvement due to first-derivative preprocessing was similar to that observed by Soyeurt et al. (2011) , where first-derivative preprocessing improved the accuracy of the equations. Compared with first-derivative preprocessing, the GA has the advantage of applying null coefficients to discarded wavelengths, avoiding spoiling predictions with noisy wavelengths (Leardi and Lupiáñez González, 1998; Spiegelman et al., 1998; Devos and Duponchel, 2011) . The wavelet method is an intermediate method that combines preprocessing and wavelength selection. It provided positive results and meant that irrelevant wavelengths could be discarded, but its interpretation was challenging. To the best of our knowledge, it was the first time that wavelet method was used on MIR data to develop a calibration equation. This method seems promising, but further studies should be performed to have a deeper understanding of its limits. Another approach would be to optimize simultaneously the preprocessing and the selection of wavelengths by a parallel GA (Devos and Duponchel, 2011) or at least apply a GA on derivative spectra. Therefore, we chose to retain the best method between GA and PLS for each FA, based on the residual standard error.
Accuracy of the Equations
The results for cow milk on the MilkoScan FT6000 analyzer were comparable in terms of coefficient of Soyeurt et al. (2006) and Coppa et al. (2010) , estimations were better for the FA present at higher concentrations, except for C18:0, which showed a high relative error. A similar result was observed previously by Maurice-Van Eijndhoven et al. (2013) . In cow milk, the results obtained on the Bentley FTS analyzer were less accurate-this was probably due to the lower amounts of data produced (150 instead of 350) and nonoptimization due to the lack of data. Currently, no specific data are available to compare the results for ewe and goat milk, but the performances are similar to those observed for cow milk, with a more accurate prediction of PUFA. A recent study described the results for goat milk obtained with NIRS (Andueza et al., 2013) . The results were expressed in grams per 100 g of FA, and are comparable to those presented in Table 11 for some FA (short-and medium-chain FA). For SFA, MUFA, and PUFA, NIRS seems to provide better results, but this technique requires preliminary dehydration of the samples and would be more difficult to implement on a large scale.
Use of the Equations
These equations could be used routinely for different purposes such as milk payment, breeding, and advice on farming management. To be used for milk payment, highly accurate and precise estimations need to be obtained. The requirements for genetic applications are less stringent and the equations could be used to discriminate milk with different contents even if they are less accurate. Soyeurt et al. (2011) indicated that equations with an R v 2 greater than 0.95 could be used in milk payment systems and in animal breeding if greater than 0.75. As underlined by Cecchinato et al. (2009) and Maurice-Van Eijndhoven et al. (2013) biased estimations with low R v 2 can be suitable in breeding programs, particularly when several measurements are done on the same individual. A genetic study based on MIR estimations from our equations (Gion et al., 2011) showed similar heritability to those obtained with GC data and other MIR estimations, which indicates that our estimations are relevant to breeding. Regarding farming management, the PhénoFinlait study confirmed that diet, parity, and stage of lactation had significant effects on the estimated FA composition of milk in the 3 species (Esvan et al., 2010) . These results provided evidence of the relevance of our equations to estimate the FA composition of milk on a large scale and in a large diversity of farming systems. However, 2 application limits had to be underlined: first, a periodic adjustment of the estimations or a spectral standardization is necessary to ensure that the results remain comparable over time and over a large geographical region, to be used for long-term actions on populations spread on a wide territory (Leray et al., 2011; Fernán-dez, 2012) ; second, to apply these equations to local breeds or feeding systems not included in this set of samples, it would be necessary to validate the equations in a first step and, if necessary, to add new samples to increase the calibration database variability.
For some purposes such as milk payment or farming management, FA composition has to be expressed as a proportion of total fat (g/100 g of FA). As underlined in several studies (Soyeurt et al., 2006; Rutten et al., 2009) , estimations of FA contents expressed in grams per 100 g of FA are less accurate than when expressed in grams per 100 mL of milk. The estimations from equations developed here were first obtained in liquid whole milk (g/100 mL of milk) and then converted into grams per 100 g of FA. Our results show that this conversion did not lead a great loss of accuracy for most FA, in agreement with Soyeurt et al. (2011) .
CONCLUSIONS
These results show that accurate estimations can be obtained for several FA in individual samples of cow, ewe, and goat milk using MIR spectra with, in the 3 species, an R v 2 greater than 0.90 for C4:0, C6:0, C8:0, C10:0, C12:0, C14:0, cis-9 C18:1, SFA, unsaturated FA, and MUFA. These equations are the first referenced for ewe and goat milk. From a methodological point of view, it seems important to remove spectral noise to improve the robustness of the equations. This can be carried out efficiently by selecting informative wavelengths using GA that apply null coefficients to noninformative wavelengths and, consequently, avoid accumulating the errors linked to spectra.
